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A B S T R A C T

In the dynamic field of destination management, maintaining a destination’s competitiveness requires under-
standing the evolving preferences of tourists. However, current research often adopts a static approach, failing to
capture the dynamic nature of tourist needs and the evolving competitiveness of a destination. To address this,
we introduce a novel approach using user-generated content from various social media platforms over a six-year
period to assess key attributes that influence destination competitiveness. The results indicate that attributes in
deciding destination competitiveness are not fixed, with some remaining stable factors in competitiveness, while
others fluctuate over time. Attributes that even alter their competitive standing could significantly impact overall
destination competitiveness. This research contributes a dynamic model that allows destination managers to
adapt strategies in real time, aligning with current market conditions and enhancing competitiveness in the
tourism industry.

1. Introduction

In the constantly evolving field of tourism management, destination
competitiveness is crucial in attracting tourists and driving tourism
expenditure. Destinations are required to continually adapt and inno-
vate to maintain their appeal and stay ahead of competitors as market
conditions evolve rapidly. Traditionally, the assessment of destination
competitiveness has focused on economic stability, infrastructure, and
policy environments. However, these factors alone do not fully address
the changing preferences and behaviours of tourists, which are
increasingly influenced by personal experiences and subjective percep-
tions. A deep understanding of destination competitiveness involves
exploring tourist experiences and emerging trends. How tourists eval-
uate their experiences at the destination is important for the destination,
as positive experiences can be leveraged for effective marketing and
building customer loyalty.

Destination competitiveness is multifaceted and has been the subject
of extensive scholarly discussion, underscoring its complexity and var-
ied interpretations. Azzopardi (2011) emphasised the need for destina-
tions to remain competitive, as tourists ultimately choose a destination
based on its attractiveness. Thus, destinations need to strive to improve

their attractiveness and cater to tourists’ preferences to gain a compet-
itive advantage over other destinations. With the increased attention to
this field, various models have been proposed for assessing destination
competitiveness. For instance, Ritchie and Crouch (2003) introduced a
macro perspective, emphasizing the need for destinations to be envi-
ronmentally, socially, and culturally sustainable. This model has been
foundational due to its broad and integrative approach, which considers
not only economic but also non-economic factors that contribute to the
long-term viability of destinations. Crouch (2011) expanded on this by
proposing a model comprising 36 features that assess destination
competitiveness more granularly, reflecting the complexity and multi-
faceted nature of what makes a destination competitive. Further
evolving the concept, Abreu Novais et al. (2018) recommended evalu-
ating destinations across four dimensions: economics, attractiveness,
satisfaction, and sustainability. This model highlights the necessity of a
balanced approach that incorporates both quantitative economic met-
rics and qualitative assessments of tourist satisfaction and destination
appeal.

However, destination competitiveness is an evolving construct, not a
static model, responding dynamically to various factors over time. This
necessitates a continuous re-evaluation of strategies and adaptability to
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new trends, such as shifts in tourist preferences or changes in global
economic conditions. As destinations evolve, the approaches to main-
taining competitiveness must revolute, including leveraging technology
and data analytics to better understand and react to visitor behaviors
and preferences in real time, as well as integrating sustainability into
core development strategies to meet the increasing demand for
responsible travel options. For example, traditional models, like those by
Porter (1980) and further elaborated by Ritchie and Crouch (2003),
underscored the importance of understanding long-term dynamics that
influence how destinations develop and maintain competitive advan-
tages, which are foundational in understanding how destinations
develop and sustain competitive advantages. Despite these advance-
ments, one area that destination competitiveness has not yet fully ach-
ieved is the capability to swiftly and accurately adapt to rapid changes in
tourist experiences and perceptions in real time. A dynamic model from
the customer’s perspective is important because it allows for a more
comprehensive and deep understanding of destination competitiveness.
By redefining market attractiveness to reflect tourist sentiment and
competitive strength to encompass destination attributes, we can better
capture the evolving nature of tourist preferences and behaviours. This
is crucial in today’s rapidly changing global tourism market, where
tourist expectations and needs are constantly shifting. A dynamic model
also enables destinations to react more effectively to these changes,
ensuring they remain competitive and appealing to tourists.

Given the complexities of destination competitiveness, there is a
critical need for a robust framework that evaluates destination
competitiveness through the lens of tourist experiences. This approach
not only aligns with modern consumer behaviour trends, where expe-
riential aspects significantly shape preferences and perceptions but also
allows destinations to strategically position themselves by identifying
strengths and areas for improvement. Nowadays, the introduction of the
internet, social media, and big data analytics has significantly renewed
interest in destination competitiveness. These technologies allow us to
understand how the competitiveness of a destination can fluctuate based
on the changing preferences and needs of tourists. The rising use of
social media and online review platforms can alter the perception and
attractiveness of destinations based on traveller reviews and shared
experiences. By analysing such data, stakeholders can gauge the dy-
namic shifts in what tourists value most at any given time, allowing for
more responsive and targeted management strategies. The integration of
big data into tourism research has opened avenues for more nuanced
and real time analyses, particularly in the context of smart destinations
and sustainability issues (Cimbaljević et al., 2019; Fyall& Garrod, 2020;
Soares et al., 2021).

To address the evolving nature of destination competitiveness, this
study introduces a novel analytical framework that utilizes big data to
capture real time changes in tourist experiences and preferences. Our
methodology involves a dynamic strategic analysis tool that leverages
data from multiple social media platforms, thus providing a compre-
hensive timeline of how destination competitiveness changes in
response to significant events and trends. Specifically, the following
research questions are answered:

1. How can destinations evaluate their competitiveness from the
perspective of tourists’ experiences?

2. How does the competitiveness of destinations change over time in
relation to tourists’ experiences?

3. How can these changes in destinations be assessed?

2. Literature review

2.1. Concept of destination competitiveness

The concept of destination competitiveness in tourism studies refers
to the ability of a destination to attract and satisfy potential tourists
effectively compared to other destinations, such as opening up

opportunities for identifying product deficiencies, deriving effective
strategies for strengthening business (Gao et al., 2018; Liu et al., 2021).
However, attracting tourists to destinations is becoming more compet-
itive because tourists are increasingly seeking unique experiences. In
particular, their expectations and decision-making have been impacted
by new trends and products that have emerged with the development of
newmedia, such as online reviews and social media (Leung et al., 2013).
Therefore, meeting tourists’ needs is an effective way to enhance
destination competitiveness (Kubickova&Martin, 2020; Lai et al., 2021;
Lopes et al., 2018; Mior Shariffuddin et al., 2022).

Historically, the assessment of destination competitiveness has
considered various factors including natural and cultural resources,
infrastructure, accessibility, image, and price. Ritchie and Crouch
(2003) laid down a foundational framework that emphasizes the
importance of these elements, suggesting that destination competitive-
ness should be environmentally, socially, and culturally sustainable.
Over time, this framework has evolved to incorporate additional di-
mensions such as economic factors, attractiveness, satisfaction, and
sustainability, as suggested by recent studies (Abreu Novais et al., 2018;
Chen et al., 2022; Dwyer & Kim, 2003; Lee & Park, 2023; Li, Li, et al.,
2022). Table 1 presents a summary of the recent literature on destina-
tion competitiveness to facilitate a thorough understanding of the con-
cepts. It can be seen that destination competitiveness has been
increasingly examined from the tourist perspective.

However, traditional models of destination competitiveness often
adopt a static view, failing to account for the changing dynamics of
tourist preferences and behaviours. As tourism is an extremely dynamic
industry, influenced by numerous external and internal factors ranging
from global economic conditions to social trends, the static nature of
traditional competitiveness models limits their utility in practical
destination management (Shakibaei et al., 2021; Zheng et al., 2021). As
Blazquez-Resino et al. (2022) remarked, the reshaping of behaviours
might be a long-term trend that is unlikely to be reversed in the near
future. The dynamic nature of destination competitiveness, as high-
lighted by Porter’s Competitive Advantage of Nations Model, un-
derscores the need for a sustained and adaptive approach to
understanding how destinations can maintain their appeal and effec-
tiveness in attracting tourists. While Ritchie and Crouch (2003) have
extensively discussed the various factors contributing to destination
competitiveness, including both endowed and created resources, there
remains a gap in the literature regarding the rapid and real time moni-
toring of changes in tourist experiences and perceptions.

From a tourist experience perspective, the changing preferences or
needs could be reflected in their choice of destination, even a very short-
term and even immediate evolution of the image or attractiveness of the
destination could impact the destination’s competitiveness. Therefore, it
is critical to consider that with the advent of the internet, social media,
and big data, the capability to analyse the immediate and very short-
term dynamics of destination competitiveness, particularly from the
perspective of tourist perceptions, has significantly enhanced.

2.2. Modelling destination competitiveness

Given the importance of product/service competitiveness, various
disciplines have proposed approaches to analyse competitiveness.
Overall these data can be divided into two streams, namely traditional
data-based (e.g., surveys, questionnaires and interviews) and User-
Generated-Content based.

2.2.1. Traditional data-based studies
Traditional studies primarily involve surveys, questionnaires, in-

terviews, and the utilisation of strategic analysis tools. For example,
Dyson (2004) adopted a strength, weakness, opportunity, and threat
(SWOT) analysis to understand the focal company’s strengths, weak-
nesses, opportunities and threats. Pesce et al. (2018) used SWOT anal-
ysis to investigate the influence of environmental control policies on
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companies and to clarify the competitive landscape of enterprises.
Another notable qualitative approach is the five-force model proposed
by Porter (1980), which analyses competitiveness in five dimensions:
competition in the industry, the potential of new entrants into the
market, the power of suppliers, the power of customers, and the threat of
alternative products.

More recently, Importance–performance Competitor Analysis (IPCA)
has been proposed to qualitatively divide product/service aspects into
four categories (i.e., Quadrant I, II, III, IV) with different priorities
(Albayrak, 2015; Albayrak & Caber, 2015). For instance, Albayrak
(2015) first constructed the IPCA to reveal the competing positions of
two hotels. Structural equation modelling is the tool most widely used
(Liu et al., 2021) to analyse the relationship between product/service
competitiveness and factors such as innovation strategies, customer
satisfaction, and product pricing (Gupta et al., 2016; Yonezawa &
Richards, 2016).

2.2.2. User-Generated-Content (UGC) based studies
With the rise of digital platforms, UGC has become a significant data

source for analysing destination competitiveness. This method involves
analysing content created by users on social media platforms, blogs, and
review sites to gauge public sentiment and preferences. The use of UGC
allows researchers to tap into real time data, reflecting contemporary
tourist experiences and opinions. For instance, Cheng et al. (2021)
developed a UGC-based SWOT analysis and conducted experiments to
understand the competitive position of products in the market. Bi et al.
(2019) clarified that they first utilised online reviews to develop an
Importance-Performance Analysis and IPCA (Importance Performance
Competitor Analysis) and further conducted a competitiveness analysis.
Despite their popularity, these data typically divide product/service
attributes into just four categories (i.e., strength/weakness/opportuni-
ty/threat for SWOT analysis and four quadrants for IPCA), which might
be a rather coarse measure for understanding the subtleties of
competitiveness.

Another popular competitiveness analysis approach relies on the use
of sentiment embedded in UGC (Dickinger & Költringer, 2011; Gao
et al., 2018; Yuan et al., 2022). The term ‘sentiment’ encompasses
emotions, opinions, attitudes, and subjective expressions, indicating the
underlying tone or subjective nature of the text, whether it is positive,
negative, or neutral (Alaei et al., 2019; Chen et al., 2019). In sentiment
analysis, ‘sentiment’ refers to individuals’ expressed feelings, senti-
ments, or subjective judgments towards a particular subject, product,
brand, or event (Serrano-Guerrero et al., 2015). As Wu et al. (2023)
noted, customer sentiment can reflect competitiveness because it
directly reflects customers’ satisfaction, opinions, and preferences

towards a product or brand. More specifically, positive customer senti-
ment indicates high levels of satisfaction with a product, and satisfied
customers are more likely to become repeat customers, recommend the
product to others, and contribute to positive word-of-mouth marketing.
In contrast, negative sentiment suggests dissatisfaction, which can lead
to customer churn and a decline in market share (Fernandes & Fer-
nandes, 2018; Levy et al., 2013; Sparks & Browning, 2010).

2.2.3. Merits and limitations of different types of data
Both data types have their merits and limitations. Traditional data

are structured and can provide in-depth insights but often do not capture
the dynamic nature of market conditions and tourist preferences as
effectively as UGC-based methods. On the other hand, while UGC is
valuable for its immediacy and volume, it can suffer from issues of
representativeness, the potential for misinformation, and privacy con-
cerns, and also requires sophisticated analytical tools and skill to parse
large datasets accurately. Despite these drawbacks, recent literature has
effectively employed UGC data in destination competitiveness research.
One of the studies tried not to solely rely on UGC but also integrate
different data sources to create more robust models of destination
competitiveness (Chen et al., 2022). Combining traditional survey data
with insights gained from the sentiment analysis of UGC can offer a more
nuanced understanding of competitive dynamics and allow for the
monitoring of changes over time in tourist perceptions and experiences.

3. Methodology

3.1. Data collection

To evaluate changes in competitiveness over time, we analysed the
social media posts of mainland Chinese tourists visiting Hong Kong, an
important market segment for the city. To ensure comprehensive and
unbiased results, data from two popular Chinese online platforms,
Xiaohongshu and Dianping, were selected as data sources. Specifically,
Xiaohongshu is one of China’s largest social media platforms where
tourists share their travel experiences, which is particularly valuable due
to its large user base and the authentic, user-generated content that
reflects genuine tourist sentiments and preferences (Huang et al., 2021).
The authenticity and popularity of Xiaohongshu make it a rich resource
for academic studies, as increasing numbers of researchers are turning to
this platform to gather data on tourist behaviour and preferences (Cao,
2024; Li et al., 2023; Shan et al., 2024). Similarly, Dianping is a popular
online platform in China, known primarily for its user reviews on des-
tinations, restaurants, and hotels (Liu, Yu, et al., 2022). The platform’s
commitment to maintaining the authenticity of these reviews, such as

Table 1
Summary of representative literature on destination competitiveness.

Perspective Data Research scope Researcher Dynamics

Socio-economic Qualitative surveys Investigated how cluster factors (e.g., government, DMOs, Universities,
and companies) affect destination competitiveness

Chin et al. (2017) No

Socio-economic Structured interviews, questionnaires
and secondary data sources

Used multi-source data to explore destination image Tegegne et al. (2018) No

Economics Questionnaire Utilised Rasch Measurement Theory (RMT) to measure the construct
“competitiveness of tourism zones of Tenerife”

Parra-López and
Oreja-Rodríguez (2014)

No

Economics Surveys Measured destination competitiveness at the regional level Lopes et al. (2018) No
Economics and
resources

Travel & Tourism Competitiveness
Report

Proposed a weighted composite indicator of destination competitiveness Gómez-Vega and J
Picazo-Tadeo (2019)

No

Resources Based on literature Defined key determinants of destination competitiveness, including
endowed (inherited) resources and created resources

Dwyer and Kim (2003) No

Tourism niche Online survey Investigated the competitiveness of diving destinations under different
tourism niches (e.g., tourist groups with different levels of travel
experience).

Neto et al. (2020) No

Cross-cultural User-generated content (UGC) and
survey

Investigated a cross-cultural destination image based on mixed methods Lee and Park (2023) No

Tourists and
travel agency

Survey Adopted tourism destination competitiveness (TDC) to determine the
strengths and weaknesses of the destination (Miyagi Zao region)

Murayama et al. (2022) No

Note: ‘Temporal dynamics’ indicates whether the study considered the temporal dynamics of destination competitiveness from the tourist experience perspective.
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implementing anti-cheat algorithms to prevent manipulated reviews
and ensuring that the data gathered from Dianping are reliable and
reflect true consumer opinions. Data collection was facilitated by Python
language-based coding and the Octopus Collector, a widely used data
collection tool. Relevant user posts were identified by manually
searching for travel-related hashtags such as #HongKongTourism (香港
旅游), #HongKongTravel (香港旅行), #HongKongTour (香港游),
#HongKongTravelTips (香港游攻略), and #HongKongTravelPunchList
(香港旅游打卡), resulting in 10,261 posts from February 28, 2018 to
October 18, 2023. The URLs of these hashtags were then input into
Octopus to automatically crawl the user posts. The details of the data are
shown in Table 2.

To thoroughly assess destination competitiveness and understand
the dynamic changes in tourists’ experiences, the study framework di-
vides the timeline into four distinct periods, each reflecting different
phases of tourism activity in Hong Kong:

T1 Pre-Pandemic Period (2018 to the start of the COVID-19
pandemic) - This initial period serves as a baseline for under-
standing the state of tourism before any disruptions caused by the
pandemic. It encapsulates typical tourist behaviours and desti-
nation dynamics prior to the pandemic;

T2 Pandemic Impact Period (2020 to 2022) - T2 is critical as it
marks the period when the tourism industry was most directly
impacted by the COVID-19 pandemic. This designation is based
on the global timeline of the pandemic, where most severe dis-
ruptions to travel and tourism occurred, including travel bans,
lockdowns, and significant reductions in tourist arrivals. This
period is crucial for analysing the immediate impacts of the
pandemic on tourist experiences and destination
competitiveness;

T3 Early Post-Pandemic Period (January 8, 2023 to May 22,
2023) - This phase follows the reopening of borders and captures
a specific type of tourism behaviour characterised by a surge in
visits by mainland visitors to Hong Kong, primarily to reconnect
with family and friends. This represents a shift from typical
tourism patterns to more personal and relational travel, influ-
enced by the easing of pandemic-related restrictions (Tsang et al.,
2023);

T4 Return to “new normal” (May 22, 2023 to October 20, 2023) -
The last period analysed is when the number of mainland visitors
began to stabilise and gradually return to pre-pandemic levels.
This phase is indicative of the recovery process and is essential for
assessing how quickly and effectively the destination rebounded
from the pandemic’s impacts and what new or returning trends
may define the future of tourism in Hong Kong.

3.2. Research design

Literature has shown that previous studies failed to capture the dy-
namic changes in destination competitiveness, particularly from a
tourist perspective, addressing how different destination attributes are
valued by tourists. The necessity to identify a destination’s core
strengths while monitoring changes in tourist interests is important for

maintaining destination competitiveness. Traditional studies have
struggled with these aspects due to a lack of valid data and the lack of
direct modelling of the dynamics of this concept. This work shifts in
focus from external to tourist experience-based factors in assessing
destination competitiveness as it centres on the subjective experiences
and perceptions of tourists, which are crucial drivers of a destination’s
appeal and success.

The McKinsey Matrix is generally used to evaluate two aspects of the
performance of a company (or region) when competing with others,
namely market attractiveness and competitive strength, as shown in
Fig. 1. Based on these two indicators, the McKinsey Matrix is divided
into nine quadrants, where numbers indicate quadrants and colours
indicate competing positions. In this study, market attractiveness is
reinterpreted to reflect tourist sentiment, which serves as a direct indi-
cator of a destination’s appeal based on the experiences and perceptions
of tourists (Chen et al., 2022). Furthermore, competitive strength is
measured by the importance of various destination attributes as
perceived by tourists, which focus on tourist priorities as a critical
enhancement over traditional models.

The use of the McKinsey Matrix in analysing destination competi-
tiveness significantly enhances the understanding of destination
competitiveness with a focus on tourist sentiment and the importance of
destination attributes. This innovative approach addresses critical gaps
in traditional destination competitiveness research by prioritising the
direct perspectives of tourists, which are often marginalised in con-
ventional models. By redefining market attractiveness to reflect tourist
sentiment and competitive strength to encompass destination attributes,
this study not only aligns more closely with contemporary tourist be-
haviours but also provides a more dynamic and responsive framework
for assessing destination appeal.

The methodological framework developed in this study, as depicted
in Fig. 2, is developed to ensure a comprehensive evaluation of desti-
nation competitiveness. The three key steps involved mining destination
attributes, measuring these attributes, and modelling destination
competitiveness, forming a cohesive process that transforms raw tourist
data into strategic insights. This framework allows for a granular anal-
ysis of how destination attributes are perceived by tourists, thereby
facilitating a more nuanced understanding of what drives destination
competitiveness from a tourist perspective.

Step 1. Mining destination attributes

After performing part-of-speech tagging using jieba, a well-
established Chinese word processing tool (Sun, 2012), we extracted
nouns as the basis for discovering potential destination attributes, as

Table 2
Descriptive statistics of the data.

Topic Number of posts Number of users

#HongKongTourism (香港旅游) 5521 3697
#HongKongTravelPunchList (香港旅游打
卡)

1678 980

#HongKongTravelTips (香港旅游攻略) 657 482
#HongKongTravel (香港旅行) 1702 1275
#HongKongTourTips (香港游攻略) 37 21

Note: ‘Number of users’ indicates the number of users identified by their unique
user ID. Fig. 1. Example of a McKinsey matrix.
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nouns are used to refer to specific objects. To automatically identify
destination attributes, these nouns needed to be converted into word
vector embeddings that could be processed and computed by computer
programs. Research has found Bidirectional Encoder Representations
from Transformers (BERT) to be an effective word embedding tool
(Devlin et al., 2018) as it was trained on a huge text corpus. Therefore,
we selected BERT to convert nouns into word embeddings. We adopted
the K-Means algorithm, a well-developed and widely used method for
discovering similar patterns in vector embeddings (Hall et al., 2017), to
cluster the word embeddings of nouns to obtain various clusters. Similar
clusters were then merged and labelled as destination attributes.

Step 2. Measuring destination attributes

Two indicators, the sentiment and importance of destination attri-
butes, were calculated to construct the McKinsey Matrix.

(1) Sentiment calculation

Typically, sentiment calculation can be conducted using either the
sentiment lexicon-based method or the deep learning-based method.
Despite the simplicity of the former method, it is frequently criticised for
its low accuracy because it ignores the semantic information in sen-
tences (Ghiassi & Lee, 2018). To improve the method, researchers and
practitioners have recently developed various calculation methods and
tools based on deep learning techniques (Li, Ji, et al., 2022; Yang et al.,
2024), with encouraging results. Among the deep learning-based
methods, paddlepaddle (Baidu, 2018) is an open-source natural lan-
guage processing kit developed by Baidu Corporation. It provides
several advanced text mining algorithms, such as sentiment analysis and
opinion extraction. Paddlepaddle (Baidu, 2018) offers a robust and effi-
cient sentiment calculation model that can extract sentiment from text.
Its sentiment analysis algorithm leverages the strength of deep learning
techniques such as recurrent neural networks, long short-term memory
networks, and convolutional neural networks to capture the contextual
information and dependencies within the text. By training it on large
datasets, the model learns to recognise and interpret sentiment patterns

Fig. 2. The methodological framework developed for assessing destination competitiveness.
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so that it can make accurate predictions on unseen text. A key advantage
of paddlepaddle’s sentiment analysis algorithm is its flexibility and ease
of use. It provides developers and researchers with an intuitive interface
to deploy sentiment analysis models on their own datasets. Given these
merits, paddlepaddle is widely adopted in industry and academia (Li
et al., 2021; Zhang et al., 2021). Hence, we selected this advanced tool to
analyse the sentiment in tourists’ social media posts. Fig. 3 presents an
overview of the process of calculating destination attribute-level senti-
ment using paddlepaddle.

Specifically, the process of sentiment calculation followed the work
of Hu et al. (2019). First, online reviews were segmented into sentences;
next, by calling the sentiment calculation model based on a convolu-
tional neural network, the sentiment of each sentence and the corre-
sponding sentiment score were calculated. To link the sentences to
relevant attributes, an attribute lexicon based on the clustering results
was constructed, which included both the attributes and the corre-
sponding words describing them. Subsequently, sentences were
matched to different attributes using the attribute lexicon. Finally, the
attribute-level sentiment was calculated based on Equation (1), where i
denotes the i-th attribute, ni indicates the number of posts mentioning
attribute i, and sentimentmi represents the m-th post mentioning attribute
i.

destination performancei =
∑ni

m=1sentimentmi
ni

(1)

(2) Importance calculation
Previous studies have demonstrated that tourists place varying

degrees of importance on different destination attributes (Chen
et al., 2022; Deng& Li, 2019; Rašovská et al., 2021). For instance,
Rašovská et al. (2021) found that visitors to mountainous regions
valued cleanliness, safety, and security the most, but were least
concerned about transportation. By recognizing the importance
of various attributes, organisations can tailor their efforts to meet
their customers’ needs and expectations and ensure their efforts
are aligned with their target audience’s priorities. Considering
attribute importance can also help organisations to differentiate
themselves from their competitors (Wu et al., 2023). By identi-
fying attributes that are highly important to customers but are not
well-executed by competitors, a destination can focus on
improving those areas to gain a competitive advantage. There-
fore, in this section, we propose a method for measuring the
importance of destination attributes to illustrate the destination’s
competitive position.

Previous studies (e.g., Chen et al. (2022)) have calculated the
importance of destination attributes based on how often tourists
mention specific words (i.e., term frequency analysis). To improve this
method and to avoid the bias arising from long documents, we propose
the term frequency-inverse document frequency (TF-IDF) method. This
method takes into account the importance of a term not only within a
specific document but also within the entire corpus. It assigns weights to
terms based on their frequency in a document (term frequency) and
across all documents (inverse document frequency). TF-IDF makes it
possible to identify important terms that occur frequently in a specific
document but are relatively rare in the entire corpus, thus providing a
better indication of their importance. Furthermore, the simple term
frequency method assigns a high level of importance to common terms
such as ‘the’ or ‘and’ that appear frequently in all documents. The
TF-IDF method addresses this issue by assigning low inverse document
frequency weights to such words to reduce their impact on term
importance, thereby ensuring that less informative terms do not over-
shadowmore meaningful terms. TF-IDF also takes into consideration the
context in which a term appears within a document, including its posi-
tion and neighbouring words. This captures important contextual in-
formation that can influence the meaning and significance of the term
within the document, resulting in a more comprehensive assessment of
the term’s importance. In addition, term frequency alone can be biased
towards terms that appear in longer documents, as they tend to have
higher term frequencies due to the high word count. TF-IDF mitigates
this bias by considering the inverse document frequency, which reduces
the impact of document length on term importance and allows a fairer
comparison of document importance regardless of length.

Given the significant advantages of the TF-IDF algorithm, in this
study attribute importance was calculated based on this algorithm. The
theoretical underpinning of this approach is salience theory (Guido,
1998), which posits that individuals allocate their attention to salient
areas. Important attributes, therefore, are those that are frequently
mentioned and discussed. In terms of the calculation process, Jieba (Sun,
2012) was adopted to segment sentences into words. We then applied
the TF-IDF algorithm to extract salient words and their corresponding
tf-idf values. Subsequently, the attribute lexicon constructed above was
used to map these salient words onto different attributes. Finally,
attribute-level importance was calculated based on the tfidf value using
Equation (2), where i denotes the i-th attribute, ki represents the total
number of salient words under attribute i, and j indicates the j-th salient
word.

destination importancei=
∑ki

j=1
tfidf ji (2)

Step 3. Modelling destination competitiveness based on the McKinsey
Matrix

We developed the dynamic McKinsey Matrix to model the dynamic
changes in destination competitiveness. The matrix divides the hori-
zontal and vertical axes into three parts, resulting in nine box grids that
reflect different competitive positions. Specifically, these nine grids can
be divided into three categories, represented by a grey area (i.e.,
Quadrants I, II, IV), a white area (i.e., Quadrants III, V, VII), and a blue
area (i.e., VI, VIII, IX). Attributes that fall into different areas have
different competitive positions. For instance, the blue area has higher
sentiment performance and importance, and thus, attributes in this area
are in a favourable competitive position.

Traditionally, the horizontal and vertical axes are divided equally
into three parts; however, this can result in an uneven distribution of
attributes within the matrix and low differentiation, wherein the ma-
jority of attributes fall into the same quadrant. Recent studies have
adopted a non-uniform partitioning approach in which the axes are
defined according to the research problem. For example, Shen et al.
(2017) split the axes based on the level of sustainable urbanFig. 3. Process of sentiment calculation.
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development, which was more effective in overcoming the issue of un-
even distribution. Therefore, in this work, we also partitioned the
quadrants by calculating the upper and lower three quantiles of the
horizontal and vertical axes to achieve an even distribution of attributes.

Fig. 4 shows an example of how attributes can be plotted in the
dynamic McKinsey Matrix. First, the data are segmented into different
periods: T1, T2, T3, and T4. Next, the matrix can be mapped by calcu-
lating the attribute-level sentiment and importance for different periods.
The trajectories of the competitive positions of various destination at-
tributes can then be captured.

4. Results

4.1. Identification of destination attributes

To categorise destination attributes effectively, section 3.2 showed a
comprehensive methodology employing natural language processing
and clustering techniques to do so. Initially, part-of-speech tagging was
performed using the Jieba tool to extract nouns from the text, as these
typically refer to specific objects relevant to destination attributes. These
nouns were then transformed into word vector embeddings using the
Bidirectional Encoder Representations from Transformers (BERT),
known for its robust performance on large text corpora. Subsequently,
the K-Means algorithm was applied to these embeddings to form clus-
ters, leveraging its capability to identify similar patterns within the data.
Similar clusters were merged and carefully labelled to represent distinct
destination attributes, ensuring that the categorisation accurately re-
flected the characteristics of the nouns contained within each group.

We manually named the categories according to the keywords. More
importantly, those attributes were cross-checked with Hong Kong
destination attributes from current studies (Jiang et al., 2021; Lee &
Park, 2023; Zhou & Chen, 2023). For example, Zhou and Chen (2023)
identified nature (related to Attraction) and Culture (related to Culture &
Art) as pivot aspects valued by tourists visiting Hong Kong. Similarly,
Lee and Park (2023) found that seven factors constitute the destination
image of Hong Kong such as general infrastructure (related to Trans-
portation), tourist infrastructure (related to Food and Shopping) and
culture (related to Culture & Art). In the end, seven attributes were
identified: Food, Shopping, Attraction, Accommodation, Transportation,
Culture & Art, and Cross-border issues. A detailed explanation for each
attribute is shown in Table 3.

4.2. Destination attribute importance

The above results identified the attributes that matter to the desti-
nation, but we were also interested in whether tourists consider these
attributes to be of equal importance. Table 4 presents the attribute

importance results based on the TF-IDF algorithm’s extraction of the
salient words and their corresponding TF-IDF values.

4.3. Destination attribute performance

The performance of the destination attributes was calculated using
the sentiment analysis method outlined in Section 3.2. To facilitate a
deeper understanding of destination performance in different periods,
Fig. 5 illustrates the results in a box-whisker plot with the median, mean,
upper quartile line (Q3), lower quartile line (Q1), maximum and mini-
mum values, and outliers. An example of a Box-whisker plot is shown in
Fig. 5a. The interquartile range, the difference between Q3 and Q1,
reflects the degree of volatility of the data. The plots in Fig. 5b–h shows
the changes in performance over the four periods. The X-axis represents
the four time periods and the Y-axis presents the sentiment scores, which
range from − 1 to 1, where − 1 indicates extremely negative performance
and 1 denotes extremely positive performance.

The above figures show that most attributes were associated with
positive sentiment, as the boxes are generally placed between 0.2 and 1.
However, extremely negative comments increased over time. For
example, Food followed a stable trend, but with an increase in extremely
negative sentiment (− 0.069 → − 0.214 → − 0.367). Attraction also
showed a gradually decreasing trend (0.761 → 0.774 → 0.781 → 0.719).
Attribute such as Accommodation remained stable and became more
positive over time. Shopping changed the most over the four periods,
with a decrease in both the median performance (0.771 → 0.695 →
0.836 → 0.686) and the mean performance (0.723 → 0.569 → 0.651 →
0.596). There were also some positive trends; for example, Culture& Art
showed an upward trend (0.631 → 0.701 → 0.696 → 0.736) during and
after the COVID-19 period. Tourists’ destination experiences clearly
changed over the period of the study. Understanding how to capture
these changes and utilise them to assess destination development is
important for various stakeholders. The following section explains how
the dynamic McKinsey Matrix can be used to analyse destination
competitiveness based on sentiment and importance.

4.4. Dynamic McKinsey matrix

Although previous studies have developed indicators to understand
destination competitiveness, there is no direct model to measure the
changes in destination competitiveness. Thus, we propose the improved
McKinsey Matrix to capture the dynamics of destination competitive-
ness. Fig. 5 illustrates the resulting matrix, showing the evolving tra-
jectories of the attributes. Different areas of the matrix represent
different competitive positions: Quadrants I, II, and IV represent an
uncompetitive position, Quadrants III, V, and VII represent a moderately
competitive position, and Quadrants VI, VIII, and IX represent a highly
competitive position.

Fig. 6 shows that the performance of all of the attributes constantly
changed, with some attributes transitioning into different competition
positions. This illustrates why it is critical to capture and understand the
dynamics of destination competitiveness at the attribute level. In gen-
eral, the attributes can be categorised into three groups based on their
competitive position: core, edge, and fluctuating competitive attributes.
Attraction and Culture & Art are categorised as core competitive attri-
butes because of their advantageous positions. For example, Culture &
Art transitioned into a highly competitive position (Quadrant VI → IX →
VIII), while Attraction remained in a highly competitive position
(Quadrant IX). Similarly, Richards et al. (2020) and Liu, Wang, et al.
(2022) also stressed the critical roles of the culture and art of Hong Kong
in contributing to its tourism market. Accommodation and Cross-border
issues are classified as edge competitive attributes because they
consistently occupied uncompetitive positions (Quadrants I, II, and IV).
This suggests that the authorities should implement timely initiatives to
improve the situation. Shopping and Food are classified as fluctuating
competitive attributes due to their significant variations; in particular,Fig. 4. Illustration of the dynamic McKinsey Matrix.

J. Chen et al. Tourism Management 106 (2025) 105022 

7 



they both transitioned into disadvantageous positions (e.g., Shopping:
Quadrant VIII→II→V). In comparison, previous studies (Lee & Park,
2023; Manosuthi et al., 2020) have usually highlighted that shopping is
one of the most attractive activities for tourists in Hong Kong, but our
findings reveal that shopping as a destination attribute of Hong Kong is
losing its attractiveness.

4.5. Factors influencing destination competitiveness

In analysing factors that negatively impact a destination’s competi-
tiveness, it’s evident that addressing tourists’ negative experiences is
crucial. Tourists’ dissatisfaction with food and dining options due to
restrictive policies, lack of amenities like hot water, and outdated decor
significantly detract from the dining experience. Similarly, in the realm
of shopping, a ‘cash only’ policy is increasingly becoming a point of
contention, as tourists expect modern payment facilities such as mobile
payments (Qu et al., 2018). Additionally, the poor attitude of shop staff
further dampens the overall shopping experience. These factors, among
others, highlight the importance of aligning destination attributes with
evolving tourist expectations and preferences to maintain and enhance
competitiveness in the global tourism market. The more detailed results
are shown in Table 5.

Managing negative experiences in the tourism industry is pivotal for
maintaining and enhancing competitiveness in the global market due to
the direct impact on customer satisfaction, fostering loyalty and
encouraging repeat visits, which are essential for maintaining a steady
flow of tourism revenue (Chen et al., 2022). Additionally, negative
feedback, when used constructively, serves as a powerful tool for
continuous improvement, allowing destinations to adapt to evolving
tourist expectations and technological advancements, thereby staying
relevant and competitive in the market.

5. Conclusion and discussions

The literature review highlights a significant research gap in un-
derstanding the dynamic nature of destination competitiveness from a
tourist experience perspective. Traditional models of destination
competitiveness often focus on external factors and fail to adequately

incorporate the subjective elements that significantly influence a tour-
ist’s experiences. To address this, we proposed a novel approach using
user-generated content from various social media platforms over a six-
year period to assess key attributes that influence destination competi-
tiveness. By understanding the evolving nature of tourist preferences
and needs, destinations can better evaluate their competitiveness and
prioritise efforts to enhance their competitive edge in the rapidly
changing global tourism market. This method can be applied to other
destinations to capture changes in tourist experiences in relation to
significant events and trends affecting travel behaviors.

In particular, following the original concept of destination compet-
itiveness, which emphasizes the ability of destinations to attract tourists
and generate tourism expenditure (Lee & Park, 2023; Ritchie & Crouch,
2003), we focused on the destination itself and examined its perfor-
mance over time to understand the concept of destination competi-
tiveness, without taking other competitors into account. Specifically, we
first identified the destination attributes that were valued by visitors
using the K-Means clustering algorithm. Sentiment analysis was then
conducted to measure how the destination attributes performed over
time. We developed a McKinsey Matrix-based dynamic model to capture
the evolving trajectories of destination competitiveness. To further
explore the factors leading to tourists’ negative attitudes, we also
applied an advanced natural language processing technique (i.e.,
opinion extraction based on paddlepaddle; Baidu, 2018) to investigate
visitors’ opinions.

We found that the attributes that were important to mainland Chi-
nese tourists were Food, Shopping, Attraction, Accommodation, Trans-
portation, Culture & Art, and Cross-border issues. Among these
attributes, Food mattered the most across all periods, followed by
Attraction, Culture & Art, and Shopping. In terms of destination
competitiveness, all of the destination attributes exhibited varying
performance, with some, such as Shopping and Food, even transitioning
into different competitive positions. These findings strongly support our
argument that understanding destination competitiveness from a dy-
namic perspective is of great importance for destinations to adapt to
changing circumstances.

5.1. Theoretical contributions

This study introduces several theoretical contributions to the desti-
nation competitiveness literature, particularly by highlighting the dy-
namic nature of destination competitiveness and incorporating tourists’
experiences as a central measure.

This study shifts the traditional focus of destination competitiveness
from predominantly external competitive factors, such as economic and
political conditions (Albayrak et al., 2021; Cracolici & Nijkamp, 2009),
to the internal attributes of the destination, such as visitor experiences,
which allows for a more detailed understanding of how destinations can
leverage their inherent strengths and areas for improvement as seen
through the eyes of tourists, thereby providing a more direct assessment
of a destination’s competitive ability.

Secondly, the study introduces a dynamic perspective to destination

Table 3
Results of attribute clustering.

Food Shopping Attraction Accommodation Transportation Culture & Art Cross-border issues

Taste Shopping Marina Room type Metro Culture Hong Kong Dollars
Flavor Visiting a store Attractions Hotel Transportation Museums Pass
Ice cream Shop Night view Accommodation Cable car Art Cash
Milk tea Convenience Store Tickets Rooms Subway stations The Forbidden City Flow
Coffee Bazaar Excursions Lobby High-speed rail Exhibition Center Immigration
Dessert Duty-free shop Ocean Park Boss Passenger Cultural Area Exchange rates
Curry Shop assistant Hong Kong Island Name of the store MTR Exhibition Halls Documents
Cake Markets Seascape Front desk Airport Residence Gate
Bread Inside store Itinerary Luggage By Car Works RMB
Milk Branch store World Apartment Minibus Art Museums Nucleic acid testing

Table 4
Attribute-level importance.

Attribute/Period T1 T2 T3 T4

Food 0.250 0.294 0.313 0.302
Shopping 0.134 0.134 0.122 0.122
Attraction 0.204 0.200 0.184 0.230
Accommodation 0.034 0.029 0.039 0.030
Transportation 0.113 0.091 0.091 0.089
Culture & Art 0.171 0.181 0.162 0.148
Cross-border issue 0.094 0.071 0.088 0.079

Note: 1. Importance values are normalised to (0,1) in each period. 2. T1 – before
2020, T2 –pandemic period 2020 to 2022, T3 – an early period after the opening
of the border, and T4 – the late period after the opening of the border.
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competitiveness, recognizing that tourist preferences and needs evolve
over time. This acknowledgement is crucial as it supports the develop-
ment of strategies that are responsive to changes in tourist behaviours
and market conditions. Previous studies have often overlooked this
dynamic aspect (e.g., Lee and Park (2023) and Murayama et al. (2022)),
typically treating destination competitiveness as a static concept. This
study recognises that tourist preferences and needs evolve over time,

which should be considered when assessing destination competitive-
ness. Meanwhile, results also show that the consistent relevance of the
seven identified factors across four different periods, despite shifts in
their specific positions, underscores the enduring importance of certain
core attributes, such as Attraction and Culture & Art, are Hong Kong’s
core competitive attributes because they retain their advantageous po-
sitions across periods, whereas Accommodation and Cross-border issues

Fig. 5. a. Explanation of Box-whisker plot
Fig. 5b. Shopping performance
Fig. 5c. Food performance
Fig. 5d. Attraction performance
Fig. 5e. Accommodation destination performance
Fig. 5f. Attribute-level destination performance
Fig. 5g. Culture & Art performance
Fig. 5h. Cross-border issue performance.
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are edge competitive attributes. In this regard, deeper insights can be
attained by holistically evaluating these attributes of destination
competitiveness. This finding is crucial as it suggests that while some
tourist preferences may fluctuate due to various influences (e.g., eco-
nomic shifts, cultural trends, technological advancements), certain ele-
ments remain consistently significant in shaping tourist experiences and
perceptions of a destination’s value.

Furthermore, this research contributes to the theoretical framework
by employing the McKinsey Matrix to assess destination competitive-
ness. This innovative application allows for a systematic classification of
destination attributes into core and edge competitive factors, which
helps in understanding which elements are stable strengths and which
are susceptible to fluctuations in competitiveness. This methodological
advancement provides a more structured approach to analysing the
competitive positioning of destinations over time.

5.2. Practical implications

Assessing destination competitiveness is critical for destination

authorities to understand their level of competitiveness, which serves as
a basis for developing effective countermeasures to enhance their
competitiveness. Therefore, we proposed a McKinsey Matrix-based
framework to understand the destination competitiveness of Hong
Kong through an analysis of tourists’ experiences derived from social
media posts. Several practical implications for Hong Kong and other
destinations can be derived from our findings.

First, our findings will help the Hong Kong authorities understand
the attributes of the city that are most important to mainland Chinese
tourists: Food, Shopping, Attraction, Accommodation, Trans-
portation, Culture & Art, and Cross-border issues. Quantifying the
importance of these attributes will facilitate the authorities’
decision-making about which attributes should be prioritised for
development. For instance, Food, Culture & Art, and Attraction are
the three most important attributes for mainland Chinese tourists,
and thus the Hong Kong authorities should ensure they continue to
perform well.

Second, we identified Attraction and Culture & Art as the core

Fig. 5. (continued).

Fig. 6. Destination competitiveness model by McKinsey Matrix.
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competitive attributes of Hong Kong in attracting mainland China
tourists. The destination should be aware of its core advantage and
actively promote and sustain these attributes to attract more tourists. We
also observed that Hong Kong’s Shopping and Food attributes are
declining in competitiveness, suggesting that the authority should take
prompt countermeasures to reverse this trend. The identification of
factors that cause tourist dissatisfaction in Section 4.5 should facilitate
the development of effective strategies to increase satisfaction, such as
improving the environment and decor of restaurants, improving the
attitude of shop staff, and promoting the use of electronic payments for
shopping. Similarly, we identified the edge competitive attributes of
Hong Kong, including Accommodation and Cross-border issues. Our
results support the widely held opinion that the cost of staying in Hong
Kong is very high. Therefore, the Hong Kong authority could consider
launching promotional campaigns in conjunction with hotels to mini-
mise tourists’ negative experiences, thereby enhancing its competitive-
ness in this regard. Cross-border issues also hurt mainland Chinese
tourists’ travel experiences, particularly the high currency exchange
fees, the inconvenience of mobile sim cards, and delays in crossing the
border. Hence, the authority should address these issues to improve the
competitive position of attributes such as Accommodation and Cross-
border issues.

The competitiveness framework developed in this work can be
applied to other destinations to understand the evolution of their
competitiveness and to generate specific measures to enhance their
competitiveness. In the study focusing on Hong Kong, the timeline was
divided into four distinct periods (T1 to T4) to capture changes in tourist
experiences in relation to significant events and trends affecting travel
behaviour. For other destinations, the number of periods may vary
depending on the research question and the specific context of those
destinations. There is no rigid rule for determining the number of pe-
riods, and it should be guided by the research objectives and the avail-
ability and relevance of data.

5.3. Limitations of the study and future work

One limitation of our study is in terms of sample representativeness,
our study utilised data from mainland Chinese tourists visiting Hong
Kong, primarily from Xiaohongshu and Dianping. While this provided

valuable insights from a significant market segment, the scope could be
broadened in future research to include a more diverse range of tourists,
encompassing different nationalities, cultural backgrounds, and travel
motivations. This would ensure a more comprehensive and representa-
tive sample, leading to findings that are generalisable across a broader
spectrum of the tourist population. Additionally, such expansion would
offer richer insights into the varied expectations and experiences of
different tourist demographics, which are critical for a multi-faceted
evaluation of destination competitiveness.

Addressing future research directions could also investigate factors
influencing destination competitiveness, which can involve a more
granular analysis of specific attributes that influence tourists’ percep-
tions and decisions. Factors such as economic conditions, socio-cultural
elements, and sustainability practices will be examined in depth to un-
derstand their real time impacts on destination attractiveness.
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